This study uses longitudinal data from South Africa to estimate the relationship between early childhood nutritional status and schooling outcomes five years later. Preferred estimates from the full sample aged zero to five, which treat prior nutritional status as endogenous, show no impact of past nutritional status on current schooling, in contrast to a recent article in this journal using data from Pakistan. However, we find significant estimates for children who were malnourished, as well as among children younger than three years of age in the base year. These results suggest that the relationship between health and cognitive achievement is complex, and the effects may be sensitive to time between measurements and the timing of malnutrition itself.
I. Introduction
Infant and child health is an important policy issue in low-income countries because of the wide ranging impact that early childhood health is thought to have on the subsequent development potential of the individual.
1 As a result, several studies have attempted to estimate the relationship between early childhood nutritional status and schooling (Jamison 1986; Moock and Leslie 1986; Behrman and Lavy 1994; Glewwe, Jacoby, and King 2001) . In a recent article in the Journal of Human Resources, Alderman, Behrman, Lavy, and Menon (2001) (henceforth ABLM) argue that much of this existing literature does not establish a causal relationship between infant health and schooling because it fails to recognize and adequately control for the fact that child health and schooling are both the result of human resource Sudhanshu Handa is an associate professor of public policy at the University of North Carolina at Chapel Hill. Amber Peterman is a doctoral student in the department of public policy at the University of North Carolina at Chapel Hill. The data in this article can be obtained May 2008 through April 2011 from Sudhanshu Handa, Department of Public Policy, University of North Carolina, CB#3435, Chapel Hill, NC 27599-3435. Tel: 919.843.0350. shanda@email.unc.edu. [Submitted February 2006; accepted November 2006] ISSN 022-166X E-ISSN 1548-8004 Ó 2007 by the Board of Regents of the University of Wisconsin System investment decisions by households. Moreover, ABLM argue that existing evidence on the relationship between child health and schooling is quite sensitive to the underlying behavioral assumptions used to estimate the relationship. For example, estimates based on cross-sectional data that account for unobserved heterogeneity with respect to household and community variables lead to parameter estimates significantly lower than those that do not account for these variables (their so-called ''naïve'' estimates). This suggests that the impact of child nutritional status on schooling is much smaller than otherwise believed (Behrman and Lavy 1998; Glewwe and Jacoby 1995) . Unfortunately, cross-sectional studies must use current prices to identify child health, and these are likely to be correlated with unobserved variables influencing both child health and schooling, thus rendering questionable the results based on these specifications.
Longitudinal data, on the other hand, permits the estimation of this relationship in a manner that is consistent with a dynamic model of human resource investment. Specifically, such data can be used to construct prior period price shocks to use as identifying instruments for early childhood health; these shocks are uncorrelated with subsequent period price shocks that influence schooling decisions in that (later) period, and thus permit consistent identification of the causal impact of child health on schooling. Using this preferred approach with longitudinal data from Pakistan, ABLM report that the relationship between child health and subsequent schooling is actually much larger than those implied by naïve estimates that do not account for behavioral choices.
2 In addition, they show that alternative specifications which use current price levels as instruments, as is commonly used in the literature, lead to small and insignificant parameter estimates of the relationship between child nutritional status and schooling in their Pakistan data.
In this paper, we assess the stability of the results in ABLM by replicating their estimation strategy using longitudinal data on children from South Africa for the years 1993 and 1998. Specifically, we investigate: (1) whether the identification strategy proposed by ABLM results in a larger positive relationship between nutritional status and schooling relative to naïve estimates as they report for Pakistan, and; (2) whether alternative (ad hoc) identification strategies that use current price levels as instruments (as is common in the cross-sectional literature) lead to smaller estimates of this relationship, as they also report for Pakistan. The data we have at hand, though longitudinal in nature and with adequate information to support the ABLM estimation strategy, is set up differently from that study. Specifically, ABLM report the impact of lagged height at age five on schooling two years later. Our data measure the height of a sample of children aged zero to five and schooling five years later, a difference that is noteworthy for at least three reasons: (1) the five-year lag between measured health and schooling may weaken the estimated empirical relationship between the two because of the increased possibility of catch-up growth; (2) the large age range in our sample relative to ABLM implies a larger variation in exposure to nutritional insults that might attenuate the estimated relationship between height and schooling if length of exposure to such insults is not adequately controlled, and; (3) school enrollment in our sample is almost universal by age nine, thus making it difficult to estimate the relationship for older children in the panel. Because of these differences in the data, we investigate whether the preferred estimates of ABLM are robust to several alternative specifications and/or samples by: (1) limiting the sample to children under age three in 1993 based on the hypothesis that early childhood nutritional status is the critical determinant of later life outcomes; and (2) estimating the relationship at different parts of the height distribution.
A replication of ABLM is of value because of the significant difference in the approach and results reported by that study relative to the previous literature. In addition, the relationship between health and cognitive development is sufficiently complex (involving behavioral, environmental and biological influences) that it is important to assess whether results from Pakistan can be generalized to other parts of the world, and whether they are stable to small differences in study design. Finally, the data requirements to support the estimation strategy in ABLM are quite stringent, so that the existence of such data from another region presents a unique opportunity for researchers to learn about the relationship between early childhood nutrition and schooling.
II. Estimation strategy
ABLM's paper presents the theoretical framework guiding their estimation strategy and we do not discuss it in detail here. Their empirical approach relates child nutritional status (H) in the previous time period (Period 1) to current schooling (in Period 2) and is framed around Equations 1 and 2 below, where S i is schooling in period i, H is health, A is assets or wealth, E is child endowment, T is a preference parameter, and U is a within-period shock:
In this framework, price shocks are defined as the deviation of current price levels (P i ) from long-run expected prices (P*) and are orthogonal across periods, unlike current prices which will contain a permanent long-run component. The parameter of interest is a 13 , the coefficient of previous period health status on current period schooling, but since H was determined in the previous period by E and T, naïve estimates of a 13 that ignore this will lead to biased estimates of this parameter. The preferred estimation strategy is an instrumental variables approach where H 1 is first estimated using contemporaneous price shocks (P 1 -P*) as identifying instruments and then S 2 is estimated usingĤ 1 from the first stage. The empirical implementation captures price shocks by including in the regression equation current prices (as measured contemporaneously at the village level in the survey) and regional dummies to control for long-run differences in expected prices.
III. The Data
The data are a panel from the KwaZulu-Natal Income Dynamics Study (KIDS), a survey of approximately 1,550 households in the KwaZulu-Natal province of South Africa conducted in 1993 and 1998. The survey was commissioned by the South African Government as part of the effort to understand the dynamics of poverty and inequity of apartheid and the changes that took place after the abolishment of apartheid in 1994, and was jointly directed by the International Food Policy Research Institute, University of Wisconsin, and the University of Natal. The sample is a two-stage self-weighting design. In the first stage, clusters or villages were chosen proportional to population and percentage of the population ethnically African from census enumerator subdistricts, and in the second stage, all households in each chosen cluster were randomly selected on an interval which allowed on average 25 households or 125 individuals per village. See Carter et al. (2003) for further details on the survey methods and sample design.
Following ABLM, we use height-for-age z-score to capture first-period child nutritional status and current enrollment for second period schooling outcome. 3 We also have repeated our analysis for an alternative schooling outcome, whether the child had ever been enrolled in school, and find similar results. We do not present these results here but they are available from the authors upon request. Table 1 presents summary statistics of the main variables from the 1998 round of the survey. Current school enrollment in 1998 is 90 percent and the percent ever enrolled by age seven is 88 percent. Mean z-score in 1993 is -1.16, with 25 percent of children moderately or severely malnourished (under minus two z-scores) and another 30 percent mildly malnourished (between minus one and minus two z-scores). Among malnourished children (under minus one z-score), mean per capita expenditure is significantly lower in 1993 (by 20 Rand) relative to other children, and mother's education is also lower (57 percent with less than complete primary school among malnourished in comparison to 52 percent among other children). This suggests that adverse family background factors may affect both schooling and nutrition. Recall that the Pakistan data used in ABLM covers a two-year period from ages five to seven. In contrast, the South African data cover a much longer period and a wider age range of children (zero to five in 1993 and six to eleven in 1998). These differences in research design may influence the results and will be discussed below.
Figures 1 and 2 show the nonparametric relationships between past height-for-age and current enrollment by age (Figure 1) , and age and current school enrollment by initial nutritional status ( Figure 2 ). These relationships are estimated using local linear regressions with a bandwidth of 0.8. The relationship between health and school enrollment (Figure 1 ) for the full sample appears to be strong at the extremes of the distribution of height but flat in the middle, with a z-score of negative two appearing to be the critical cutoff at the lower end of the distribution. The empirical relationship is weakest for the oldest age group (49+ months) and strongest for the youngest age group. Figure 2 shows that by age 42 months in 1993 (eight and a half years of age in 1998) school enrollment is virtually universal except for children who were severely malnourished in 1993 (minus two z-scores and under). These graphs suggest that the relationship between health and schooling might differ along the age and (lagged) height distributions.
IV. Results

A. First-stage regressions
For both our first and second stage regressions, we try to mimic the specifications presented in ABLM as much as possible to ensure that any differences we find are not simply due to functional form. That study uses three key prices and their interactions with mother's schooling and child sex as the identifying instruments. We estimate the first-stage regressions, predicting height-for-age z-scores in 1993, via OLS and report them in Table 2 . Column 1 uses three key prices (bread, maize, and formula) and their interactions for identification, and is thus most similar to the firststage regression in ABLM. As can be seen from the F-statistics at the bottom of that column, these three prices are not jointly significant in the regression, nor are the price/sex interactions. Clearly, this set of instruments is too weak to provide sufficient identification of the relationship we are investigating. Consequently, Column 2 expands the instrument set to include 12 commodity prices (plus rainfall) and interactions. The set of 12 prices is now jointly significant but the price/sex interactions continue to be insignificant so we exclude this set of interactions from our final specification, which we show in Column 3 of Table 2 . This specification has an R-squared of 15 percent. 
B. School enrollment regressions
The school outcomes are binary and are estimated with a probit. We follow ABLM and use the method suggested by Murphy and Topel (1985) to correct the standard Figure 1 Lowess Estimates of Enrollment and Height-for-Age Z-score by Age 4. Our results are not sensitive to variations in the instrument set reported in Column 3 of Table 2 which (1) exclude the price/education interactions; (2) exclude the rainfall variables. Both these reduced set of instruments have sufficient power to identify height (details available from the authors).
errors to account for the fact that lagged height is a predicted regressor. As in ABLM, we use contemporaneous prices in 1998 and a regional dummy (Kwa-Zulu region) to capture price shocks, and these are jointly significant in the schooling regressions.
Base results
The top panel of Table 3 is similar to that reported in ABLM and presents the coefficient (and standard error) estimates for the height variable from the schooling probit along with the interaction of height and gender (male¼1). ABLM find significant differences by gender in the impact of lagged height on current schooling, as is typically found in Southeast Asian human resource outcomes (Rahman and Da Vanzo 1993; Hill and Upchurch 1995; Leone, Matthews, and Della Zuanna 2003) , but this result does not hold in the South African data. Neither the gender dummy nor the height/ gender interaction is statistically significant in Table 3 , a result consistent with the literature on gender differentials in human resource outcomes in sub-Saharan Africa (Svedburg 1990; Svedberg 1996) . Given these results, we drop the height/gender interactions in subsequent analyses and focus solely on the impact of lagged height on current school enrollment. The first row of Panel B in Table 3 presents our replication of ABLM using the full sample of children in the KIDS data. The naïve specification in Column 2, which assumes that past height is not a choice variable and treats it as exogenous, show a positive and significant impact of lagged height on school enrollment. However, results based on the preferred estimation strategy (Column 1), which use price shocks Table 2 First-stage Regressions for Height-for-Age Z-score as identifying instruments, show no statistically significant relationship between the two outcomes of interest. This is in sharp contrast to the results reported in ABLM where the preferred estimates deliver a much stronger and statistically significant impact of past health on schooling. The alternative estimates in Table 3 are the same as those presented in ABLM and consist of the following: Column 3 excludes current prices from the schooling regression; Column 4 excludes all prices from the schooling regression and uses lagged price levels to identify prior health status; and Column 5 excludes all prices from the schooling equation and uses current price levels to identify past health. These results show no relationship between health and schooling and are consistent with the results in ABLM and the previous literature, which uses these ad hoc identifying strategies. However, in the South African case, these alternative ad hoc specifications actually do quite well in reproducing the preferred estimates in Column 1, which also show no relationship between health and schooling. Figure 2 indicates that school enrollment is nearly universal for older children in our sample, a problem that ABLM do not have since their school enrollment sample is limited to children age seven. To make our school enrollment samples more comparable to their study we present estimates in Table 3 based on samples that exclude the oldest children (age greater than eight and a half years, and age greater than nine years) from the schooling equation. These results, shown in the last two rows of Table 3 , are identical to the full sample results; the naïve estimates in Column 2 indicate a strong positive impact of earlier nutritional status on schooling while the preferred estimates do not.
Extensions
We mentioned earlier that an important difference between the South African and Pakistani data sets is that the latter use height measured at a specific age (five years) while the former contain children between zero and five years. There tends to be a distinct relationship between stunting and age in low-income countries, with a steady increase in stunting from birth to just after the weaning period (24-36 months) and then flattening out. This pattern also exists in the South African data as shown by the age coefficients in the height regression in Table 2 . Thus in the South African data the exposure to infection and other nutritional insults (the ''treatment''), and subsequent nutritional status, varies widely among the sample relative to the Pakistani sample, which may confound the results of our replication exercise.
5 Moreover, some researchers have argued that the timing of early childhood nutritional status is important, and that it is nutritional status around age two that is the crucial predictor of subsequent cognitive development (Waber et al. 1981; Glewwe, Jacoby, and King 2001) . A further difference in research design is the time lag between surveys-only two years in Pakistan compared to five years in South Africa. Poor health may affect immediate schooling outcomes, but the possibility of catch-up growth and/or sustained compensating behavior by parents could mitigate the adverse effects of poor health in the medium term, leading to a weaker estimated relationship between health and schooling as we report in Table 3.   6 To address these possible explanations for the difference in results from those of ABLM, we repeat the estimation procedure using subsamples of children at younger age levels (younger than three years in 1993). This allows us both to control for the length of exposure to possible repeated nutritional insults as well as to test the hypothesis, advanced by Glewwe, Jacoby, and King (2001) and others that the timing of malnutrition matters for subsequent cognitive development. We also report estimates for children at different portions of the height distribution; recall that Figures  1 and 2 suggest that the health-schooling relationship appears to be stronger at lower levels of malnutrition. This approach also allows us to control for the intensity of the 5. The mean height-for-age z-score in the Pakistani sample used by ABLM is -1.86 compared to -1.16 in our data. 6. For example, Adair (1999) presents evidence that Filipino children do exhibit significant catch-up growth in the preadolescent years.
''treatment,'' which may be driving some of the differences between our results and those of ABLM.
The top panel of Table 4 displays results based on several subsamples of children under age three. 7 The naïve estimates in Column 2 deliver a positive and statistically significant coefficient for lagged height in each of these subsamples, and an even stronger relationship in Column 1 using the preferred estimation strategy. The probit coefficient now increase by 63 percent (to 0.269) for the zero to 30-month age group and by 45 percent (to 0.349) for the six-to 36-month age group; similar increases occur for the other age groups but the sample sizes are not big enough to render precise IV point estimates. These results are now consistent with the pattern of estimates reported in ABLM, suggesting that differences in research design may be responsible for the divergence in the full sample South African results and those reported in ABLM.
The bottom panel of Table 4 reports estimates for subsamples based on initial height z-score. For children at the lower end of the distribution (minus one z-score and under), the pattern of estimates mimics those in the top panel of the table and those of ABLM. Specifically, the preferred estimates show larger positive point estimates of the impact of lagged height on subsequent schooling relative to the naïve estimates, although the standard errors are somewhat larger and tend only to be significant at the 10 percent level if at all. At the middle of the distribution (z-score between zero and minus two), the relationship between lagged height and enrollment is negative and not significant. This reflects the nonparametric results in Figure 1 . Meanwhile, at the upper end of the distribution (z-score greater than or equal to minus half a z-score), the relationship between infant health and subsequent schooling is an order of magnitude greater than the relationship in the full sample and in the lower table, though the preferred estimate (1.216) is slightly lower than the naive one (1.419) in Column 2.
8
Though not reported in Table 4 , we estimated the alternative specifications described in Columns 3 to 5 of Table 3 on the subsamples shown in Table 4 . The ad hoc specifications of Column 4 and 5 all performed poorly in relationship to the preferred estimates for these subsamples as to be expected a priori. On the other hand, the estimates that exclude current prices from the schooling regression (corresponding to Column 3 in Table 3 ) displayed much lower point estimates for lagged height relative to those in Column 1 of Table 4 . This specification includes only long-run prices in the schooling regression, which in our case is a provincial dummy. When we use district dummies instead of the provincial dummy to capture long-run prices in the schooling equation the point estimates (and significance levels) are in line with those reported in Column 1 of Table 4 , 9 leading us to conclude that once current prices (measured at the village level) are excluded, the lone provincial dummy is not strong enough to fully capture long-run prices in the schooling equation.
7. First-stage regression results for all subsample estimates reported in Tables 3 and 4 are available from the authors. 8. Cutting the sample at a z-score of zero or above is a better reflection of the data in figure 1, but this leaves a sample of 126 and the two-stage parameters cannot be estimated. 9. For example, in the six-to 36-month age group, this specification delivers a coefficient of 0.360 for lagged height and a standard error of 0.13, which is very similar to the estimate for this age group reported in Column 1 of Table 4 .
V. Conclusions
Previous estimates of the relationship between child health and schooling have varied widely depending on the behavioral assumptions imposed on households. ABLM argue that some of these estimates are based on questionable identification assumptions that are not consistent with economic theories of household decision-making. Using panel data from Pakistan they show that theoretically consistent estimation of this relationship leads to stronger effects of health on schooling than previously reported. The present article replicates the estimation strategy of ABLM using panel data from South Africa to see if in these data, the preferred approach of ABLM also leads to stronger effects of health on schooling than that implied by theoretically less desirable approaches.
Our results from the full sample of South African children using the preferred approach do not support the results from ABLM, and indicate no relationship between past height and current schooling. This may be due to differences in research design. The ABLM study measures past height at a specific point in time (age five) and schooling two years later. The South African data contains data on children ranging from age zero to five and measures schooling five years later. These differences could affect the stability of the results because the impact of malnutrition on schooling may diminish over time, and because the pattern of malnutrition is highly correlated with age and thus varies more widely in the South African sample relative to the sample used by ABLM (due to different length of exposure to adverse health shocks). We attempt to control for these differences in design by restricting our sample to the malnourished only, and to those children who were under three years old in the base period. In these subsamples, our estimates are consistent with those reported in ABLM, and show stronger (and statistically significant in the case of younger age groups) effects of nutrition on schooling that those implied by a naïve approach.
The long term effects of child health on cognitive development are determined by the complex interaction of biology, behavior and environment. Estimates of this relationship using prospective field surveys may vary widely, even when household behavior is accounted for in a theoretically consistent way, due to subtle differences in research design and sample composition. Research in this area must pay close attention to these details when specifying empirical relationships, interpreting coefficients, and generalizing results to other demographic groups and regions.
Table A1
School Enrollment Probits (full sample N ¼ 674) a. All expenditure and prices are deflated to 1993 Rand.
